The Cox proportional hazards model is routinely used to analyze time-to-event data. This model requires the definition of a unique well-defined time scale. Most often, observation time is used as the time scale for both clinical and observational studies. Recently after a suggestion that it may be a more appropriate scale, chronological age has begun to appear as the time scale used in some reports. There appears to be no general consensus about which time scale is appropriate for any given analysis. It has been suggested that if the baseline hazard is exponential or if the age-at-entry is independent of covariates used in the model, then the two time scales provide similar results. In this report we provide an empirical examination of the results using the two different time scales using a large collection of data sets to examine the relationship between systolic blood pressure and coronary heart disease death. We demonstrate, in this empirical example that the two time-scales can sometimes lead to differing regression coefficient estimates but time-on-study model has better predictive ability in general.
Introduction
Survival models are extensively used in epidemiological studies. There are various survival models available to analyze time to event data but the most frequently used model is the semi-parametric Cox proportional hazards (PH) model (Cox, 1972) . The PH model is widely used with both experimental (clinical trials) and observational data and provides a semi-parametric method of analyzing the association between a set of risk factors and the time to occurrence of an outcome. The PH model makes no assumptions concerning the nature or shape of the underlying survival distribution, but assumes a parametric form for the effect of the predictors on the hazard. In many situations, we are most interested in estimates of the model parameters since if the model is correct they provide measures of the strength of the association between a characteristic and time to event. Most statistical software contains procedures for deriving estimates of the parameters of the model. Current literature addressing the association between a characteristic and time to event based on the analysis of observational studies using the PH model contains a mixture of analyses using the two different time scales: time-on-study and chronological age. For example, there are two widely used sets of models to predict cardiovascular disease. The models that are widely used in the United States were derived from the Framingham Heart Study (Wilson et al., 1998 ) using time-on-study as the time scale, while the models that are widely used in Europe (Conroy et al., 2003) were developed using age as the time scale. Similarly, there has been long-term interest in estimating the effects of obesity on mortality and two papers have appeared addressing this question but using different time scales. In 1999, Allison et al. published their estimates of the number of deaths in the U.S. that are attributable to obesity. For their analysis, they used time-on-study as the time scale. In 2007, Flegal et al. published a similar analysis, based on slightly different data, but used chronological age as the time scale. A natural question is whether at least part of the differences between the results of these analyses are due to different time scales being selected for developing the proportional hazards models used.
An extreme example was provided by Cheung, Gao and Khoo (2003) who demonstrated that a PH model using different time scales could result in contradictory results that the models in which the parameters have opposite sign depending on the time scale. They examined women in the Surveillance, Epidemiology, and End Results (SEER) program diagnosed with Stage I breast cancer and demonstrated that when time-on-study was used as the time scale, a younger age at diagnosis was associated with a lower mortality. If chronological age was used as the time scale, the www.ccsenet.org/ijsp International Journal of Statistics and Probability Vol. 5, No. 3; 2016 opposite effect was found.
In 1997, Korn, Graubard and Midthune pointed out that the majority of published analyses based on the National Health and Nutrition Examination Survey I Epidemiological Follow up Study used time-on-study as the time scale in the PH model but suggested that chronological age might be a more appropriate time scale for some observational studies. Korn et al. (1997) also suggested two conditions for which the analysis results using the time-on-study time scale and the chronological age scale are equivalent. The first condition is that the baseline hazard 0 λ as a function of age is exponential, i.e., 0 ( ) exp( ) a c a λ ψ = , where a is age and c and ψ are constants. The second condition is that the covariate z is independent of the baseline age 0 a . Thiebaut and Benichou (2004) and Pencina, Larson and D'Agostino (2007) conducted simulation studies to investigate these two conditions and the choice of time scale. Thiebaut and Benichou (2004) reported that if the cumulative hazard function is exponential, the two time scale models yielded similar regression coefficients. On the other hand they found that the models could be significantly different even when the covariate of interest was independent of the baseline age. Pencina et al. (2007) found that when the correlation between the age-at-entry and the risk factor is zero, the biases from the two models using time-on-study time and chronological age time are very close. However, these two simulation studies are inconclusive about which time scale is the best.
The two scales vary in their choice of origin of the time scale. If we use chronological age as the time scale then the origin of the time scale is the date of birth. If time-on-study scale is used the origin is the date of diagnosis or date of randomization. The mathematical formulation of the Cox model is similar for both the time-on-study and the chronological age time scales but the implicit mechanism for estimation is different (Thiebaut and Benichou, 2004) . In both of the formulations time is used only to order the times to event. This ordering defines the number of individuals at risk, the risk set at a particular time. Time scales that produce equivalent risk sets will produce equivalent results. The difference between the two scales is that using observation times, the risk sets are nested. That is, at any time t, the risk set, t R is contained in the risk set * t R for any * t t < . Using age does not necessarily result in this nesting of risk sets. This is because at a given age, some subjects may have already experienced failures while others may not be under study at that age and thus subjects keep on entering and exiting the study.
A couple of previous studies (Chalise, Chicken and McGee, 2012; Chalise, Chicken and McGee, 2013) have carried out extensive simulation to address the question of robustness using one time scale when the other is actually the correct one. They simulated two sets of data specifying time-on-study as the true time scale in one and chronological age as true time scale in other. Both types of models were fitted for the two sets of data and were assessed with respect to bias, mean square error and concordance index (measure of predictive discrimination). When time-on-study was correctly specified, the time on study models were better with respect to all three measures. But, when age was the correct time scale both time-scale models performed approximately equally well suggesting that the time-on-study models are more robust to misspecification of the underlying time scale. However, the studies did not provide real data example. It is extremely valuable to use real datasets to assess the models in empirical analysis. Therefore, the purpose of this article is to provide extensive empirical examples comparing the models with respect to regression coefficient estimates and measure of predictive discrimination.
Data and Methods

Data
We use a large collection of data sets from the Diverse Populations Collaboration (DPC) (McGee et al., 2005) . DPC investigators pooled data from 27 observational studies to examine issues of variation in results in observational studies when differing methodologies and/or sampling methods are used for implementation and analysis. The studies can often be stratified by characteristics such as gender, area of residence (urban/rural) etc. When this stratification is accomplished there are 78 strata that we refer to as cohorts. In our analyses we excluded studies that did not have follow-up time records and that did not measure blood pressure. We additionally required that all of the cohorts included in our analysis have at least 50 Coronary Heart Disease (CHD) deaths during follow-up. Our analytic data consists of information form 25 studies stratified into 54 cohorts that contained 236,623 observations among which 14,156 deaths due to CHD occurred.
Statistical Methods
We restrict our attention to the proportional hazards model (PH) in this paper since this is the most widely used method in epidemiological studies. Also, we focus on a single covariate, systolic blood pressure (sbp) so that we can examine whether results are consistent using the different times scales and whether they are consistent with published relationships between sbp and CHD deaths as an event. The purpose of our empirical study is limited to comparing the two different time scale models but not to provide substantial analysis of the data.
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International Journal of Statistics and Probability Vol. 5, No. 3; 2016 The PH model assumes that the underlying hazard (rather than survival time) is a function of the independent variables (covariates) and the contributions of the covariates to the hazard are multiplicative. This model specifies that the hazard function associated with the covariate Z satisfies,
where ( 
is a vector of unknown constants, the parameters of interest. Estimates of the parameters and inferences about them are based on maximum partial likelihood (Cox 1972 ) and the asymptotic properties are justified using martingale and counting process theory (Anderson and Gill, 1982) . In the PH model, time is used in ordering the events to determine the risk sets of subjects still being followed when each event occurs. It is not used directly in the estimation of the coefficients of the covariates. Therefore, the different time scales in PH models lead to different estimates only if they differ in the ordering of the times to event or censoring. Chronological age and time on study will in general produce different ordering of times to event and censoring. We mainly focus on the two models in this paper: (i) time-on-study as time scale including age at entry as a covariate and (ii) chronological age as time scale with left truncation on the entry age. This is because the previous simulation studies (Thiebaut and Benichou, 2004; Pencina et al., 2007; Chalise et al., 2012; & Chalise et al., 2013) have found very close results between these two models after extensively examining several possible models using the two time scale models. Let 0 a be the age at which an individual enters the study, t be the length of time the individual is followed until he/she experiences an event of interest or terminates participation in the study, and a be the age of the individual at the point of event or censoring. Then the models are given as follows:
M1: Time-on-study as the time scale with age at entry included as a covariate:
where β is the coefficient of z, the sbp and γ is the coefficient of 0 a , the baseline age. M2: Age as time scale with left truncation on the entry age:
where 0 0 ( | ) a a λ is the baseline hazard conditional on entry age.
In addition, we also examine unadjusted age scale model to learn how this compares to the M1 and M2.
M3:
Age as time scale without adjustment:
Using sbp as a risk factor we fitted the three Cox PH models 2, 3 and 4 for each of the 54 cohorts separately. The models were compared with respect to regression coefficient estimates and predictive discrimination as measured by time dependent area under the receiver operating curve (Hung and Chiang, 2010; Blanche, Dartigues and Jacqmin-Gadda, 2013 ) using R package timeROC.
Comparison of regression coefficients:
There are several possible methods for comparing the coefficients estimated from the fitted models. We used bootstrap methods to determine whether the coefficients for pairs of models differed significantly. Bootstrap samples with one thousand replications were used to calculate the standard error of the difference between two β's for each pair. The significant difference in coefficients from the two methods was calculated assuming normality of the differences:
For each of 54 cohorts, we estimated the cumulative baseline hazard function as a function of age using Breslow method (Cox, 1972, with discussion) . We plotted these estimates against age to determine the shape of the baseline hazard and then we plotted the log of the estimates against the age for the test of exponentiality. Two examples of such plots (one exponential and another non-exponential) are shown in supplementary Figure S1 . We calculated correlation coefficients between sbp and age at entry to examine how strongly they were associated. The empirical correlation and whether the hazard function appeared to be exponential were used to determine if, at least approximately, the conditions from Korn et al. (1997) were met.
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International Journal of Statistics and Probability Vol. 5, No. 3; 2016 As previous studies and our comparison of regression coefficients suggested that the unadjusted age scale model performed poorly compared to age scale with left truncation on the entry age, we do not consider M3 further to assess predictive discrimination.
Comparison of Predictive Discrimination
The area under receiver operating curve (ROC) as proposed by Hung and Chiang (2010) and Blanche et al. (2013) was used to compare the predictive discrimination of the two models M1 and M2. The time dependent area under ROC curves (timeROC) were calculated for three different time points: 1 year, 3 years and 5 years. In order to avoid overfitting of the models, resampling based 5-fold cross validation method was used in order to calculate predicted area under the curves (AUC). The data is randomly divided into 5-sets: 4 sets for training (4/5 th of data) and 1 set for validation (1/5 th of data) sets. In the first iteration, first set of data is used as validation data and remaining as training data. M1 and M2 were fitted using the training data and relative risks were predicted for the validation data. For the estimated relative risks, time dependent areas under the curves were computed at 1, 3 and 5 years respectively for each of the models. In next iteration, second set of data is used as validation data and remaining as training data and so on up to 5 iterations until all data are used as training and validation set. Then, average AUCs over 5 iterations are computed for each time point for both models.
Results
The coefficient estimates (with their standard errors) obtained from M1, M2 and M3 are shown in appendix se β are from M3. The p-values comparing the models, two at a time, are given in columns 8, 9 and 10. The estimated correlation coefficients between sbp and age at entry are listed in the second to last column of the table. The final column contains an indicator of whether the survival distribution for that cohort appeared to be consistent with the exponential hazard function (i.e. 1 means the shape of the cumulative baseline hazard function looks exponential and 0 means that the shape of the cumulative baseline hazard does not look exponential). In 26 cases the coefficients from M1 are bigger than those from M2 and in 27 cases they are smaller while in 1 case they are equal. In 53 cases, the coefficients obtained from the M3 are smaller than those from M1 and in all 54 cases the coefficients from M3 are smaller than that from M2. Figure 1 represents the pairwise relationship between the coefficients from the three models. It is evident from the plots that M1 and M2 are closer but are very different from M3. However, the standard errors were fairly equal in all models. Next, we estimated the cumulative baseline hazard function as a function of age using Breslow's method (1972) and plotted them against age. We further plotted the log of the cumulative hazard estimate against age to see if it appears linear. Example figures of one exponential and one non-exponential case are shown in appendix Figure A . The results show that 18 cases appear close to the exponential form of hazard and the remaining 36 plots looked having non-exponential form. Table 2 represents the number of cases showing whether the results from three pairs of models are different or not according to the shape of the cumulative baseline hazard function. The regression coefficients from M1 and M2 are significantly different in 1 case even though the cumulative baseline hazard function appears exponential. Similarly, M1 and M2 are different from M3 in 14 and 18 cases with the baseline hazard exponential.
We also noted that in one cohort data (Cohort 35, Appendix Table A) , although not significant, M1 and M2 indicate the association between the risk factor and hazard of occurring disease are in opposite direction. In 5 cohort data sets the coefficients from M1 (+ve) and M3 (-ve) and in 4 cases the coefficients from M2 (+ve) and M3 (-ve) are in opposite direction. The comparison of the regression coefficients shows that unadjusted age scale model (M2) is always inferior to time-on-study (M1) and left truncated age scale model (M3). The time-on-study and left truncated age scale models are closer. This result is consistent with previous simulation studies ( Thiebaut and Benichou, 2004; Pencina et al., 2007; Chalise et al., 2012; Chalise et al., 2013) . Therefore, we do not consider M3 further. We next explore how M1 and M2 compare with respect to the predictive discrimination of the models. Vol. 5, No. 3; 2016 Appendix Table B represents the time dependent area under curves computed at 1, 3 and 5 years for M1 and M2. In most of the cases, the predicted area under the curve is higher for M1 as compared to those from M2. At time points 1, 3 and 5 years, the AUC from M1 were bigger in 45, 52 and 54 cases respectively, Figure 2 . Examples of such area under the curves are shown in Figure 3 . The AUCs in the three cohort dataset in which the regression coefficients from M1 and M2 were significantly different are shown in Table 3 . In all three cases, the AUCs are higher for M1 as compared to M2. In order to better understand the prediction trajectory over several time points, we created sequence of 50 time points between 1 to 5 years and AUC were estimated at each of the time points. An example of such prediction trajectory for both models is shown in Figure 4 (a) and the difference between the two prediction curves is shown in Figure 4(b) . In many cohort data sets, the prediction curve for time-on-study model are higher than that for left truncated age model, while in others the curves are closer for some time points (other plots are not shown). These empirical results are consistent with the simulation studies by Chalise et al. (2013) . Chalise et al. (2013) concluded that the time-on-study models are robust to misspecification of the underlying time scales. Here, we notice that, in most cases, the time-on-study models have at least as good predictive discrimination as the age scale models do.
Discussion
In this report we presented a comparison of results of PH models using two different time scales in 54 different datasets.
In our results, the estimates obtained from the time-on-study and left truncated age time scale models are closer in most of the cases. However, we did not observe any close influence of (i) low degree of correlation between covariate and baseline age and (ii) exponentiality of the baseline hazard, on the significant difference of regression coefficient estimates. Our empirical example coincides with what one would expect given the method of estimation for the PH model. In order to estimate the coefficients, partial likelihood function is used in which the baseline hazard is factored out and the time scale provides the method of ordering the time to event for determining risk sets. If ages of all subjects at baseline were the same, the models would all be equivalent. The distribution of ages at baseline plays a role in determining whether the time scales will produce equivalent results (Chalise et al., 2012) . The low performance of unadjusted age scale model as compared to the other two models discussed in this article shows that it is extremely important to appropriately adjust the model for the baseline age.
In some situations, there may be multiple plausible time scales. For example, automobile warranties usually use two time scales, calendar time and cumulative mileage; in studies of skin cancer among occupationally exposed workers, cumulative exposure to radiation may provide a better time scale than does the person's age or time on study. Some investigators have examined methods for deriving an optimal time scale. Farewell and Cox (1979) and Oakes (1995) suggested choosing a time scale that combines two or more times scales in such a way that the resulting scale accounts www.ccsenet.org/ijsp
International Journal of Statistics and Probability Vol. 5, No. 3; 2016 for as much the variation as possible. Duchesne and Lawless (2000) introduced the concept of an ideal time scale. Their work, however, focuses on usage (e.g. mileage) or exposure (e.g. asbestos exposure) variables that used as time scales (and could be adapted to epidemiological analyses in some instances) but do not solve the problems inherent in comparing time scales differ only in having different origins.
It is important to perform simulation studies to assess the models as presented by previous studies. A shortcoming of doing so is that the comparisons are based on some pre-specified data generating mechanism. However, in real datasets we have no clue about such mechanism. Therefore, it is extremely valuable to use real datasets because the ultimate purpose of application of any statistical model is to analyze real data. The strength of our empirical examination presented in this article is that we have assessed the models in large number of datasets collected in several parts of the world using varying data collection scheme. The empirical results agree with the simulation studies by Chalise et al. (2013) in that the time-on-study model is at least as good as left truncated age scale model. However, this will not establish which model is the best in general. Both models adjust for age at entry but in different ways. In time-on-study model the baseline age is adjusted as a parametric covariate while the baseline age is handled non-parametrically in left truncated age scale model. What our study shows is that if the adjustment for age at entry is made there is very little difference in the regression coefficient estimates between the two models but predictive discrimination is generally higher for time-on-study model. A unique well-defined time scale is indispensable for event history analysis. Therefore, given the lack of an agreed upon definition for an optimal or even correct time scale for the study under consideration, when working with real data, our studies show that using time-on-study model may be preferable since it performs at least as well as the age scale model. 
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